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RBFNAbstract Underbalanced drilling is one of the drilling methods for better drilling according to its
advantages. Cuttings transport effects on cost, time, and quality of oil/gas wells in drilling opera-
tion. Inefficient cleaning of wellbore may cause many drilling problems. Prediction and measuring
of the cleaning efficiency in the wellbore annulus is a complex problem according to many effective
factors. The field and experimental measurements of this parameter are time consuming and costly.
This paper presents the radial basis function network (RBFN) method for prediction of cuttings
concentration in underbalanced drilling condition to avoid the high cost experimental and field
measurements. The average absolute percent relative error (AAPE) for train and test datasets in this
study is 2.9e-13%, and 5.7% for the RBFN model. The comparison results of this study with liter-
ature review show the benefit of RBFN in prediction compared to back propagation neural network
(BPNN) according to higher accuracy, faster training and simple network architecture. So, this net-
work can be used in many mathematical problems for prediction and estimation instead of BPNN.
Results of this study show that implementation of this developed model can be incorporated in dril-
ling simulators for accurate estimation of cuttings concentration in wellbore instead of field and
experimental measurements for hydraulic design in drilling operation.
 2016 Production and hosting by Elsevier B.V. on behalf of Egyptian Petroleum Research Institute. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/
4.0/).1. Introduction
Cuttings transport and efficiency of hole cleaning has been one
of the major concerns in the petroleum industry. Inefficient
cleaning of wellbore leads to decreased rate of penetration,
increased cost of drilling, fractured formation, increasedplastic viscosity of mud as a result of grinding of cuttings
and stuck pipe. Cuttings transport in drilling operation is a
complex problem that is influenced by many factors such as
well structure, drilling fluid flow rate, drilling fluid characteri-
zation, pipe rotation and rate of penetration (ROP). High cut-
tings concentration in wellbore annulus can produce many
costly problems. Experimental and field measurements of this
parameter are costly and time consuming for hydraulic design
in drilling operation. Many studies have been done in this area.
These studies have developed some empirical and mechanistic
models to cuttings transport [1–5].ural net-
2 R. Rooki, M. RakhshkhorshidIn underbalanced drilling (UBD), the pressure of the dril-
ling fluid in wellbore is intentionally kept lower than the for-
mation pressure. This is done for a variety of reasons
including reducing formation damage, increasing ROP,
increasing bit life, benefit of characterizing the reservoir while
drilling, eliminating drilling problems such as differential stick-
ing and lost circulation. Foam drilling is one of underbalanced
drilling candidates using foam as homogeneous emulsion
obtained by mixing liquid, gas and an emulsifying agent. This
drilling is good candidate for naturally fractured reservoirs,
under pressure reservoirs and horizontal wells [6–8]. Foam
drilling has some advantages such as high carrying capacity
and low formation damage. In this drilling, presence of multi-
phase flow and foam drilling hydraulic offer unique challenges
in cuttings transport phenomena [8–11]. Most studies of cut-
tings transport in foam drilling are experimental and numerical
modeling [10–19]. These methods are costly and time
consuming.
Artificial neural networks (ANNs) are a reliable predictive
tool inspired by studies on the human nerve that can be used to
model various highly complex and nonlinear problems. The
different types of neural networks include back propagation
neural network (BPNN), radial basis neural network (RBFN),
etc [20,21]. Some studies of artificial intelligence such as BPNN
and support vector machine have been done in the multiphase
flow field [22–29].
The aim of this study is indirect measuring of cuttings
transport efficiency of foam in horizontal annulus from effec-
tive parameters for hydraulic design using simple and cost
effective RBFN according to its advantages. The results of
the RBFN model are compared with experimental data from
the literature and the BPNN model.
2. Radial basis function neural network
Artificial neural networks (ANNs) are mathematical models
inspired by studies on brain system, consisting of highly inter-
connected processing nodes or elements (artificial neurons)
under a pre-specified topology (sequence of layers or slabs with
full or random connections between the layers). The different
types of neural networks include BPNN, RBFN, etc. RBFN
is a three-layer feed-forward neural network. RBFN has only
one hidden layer and it has some advantages including fast
convergence speed, strong approximation ability, simpleFigure 1 The structure of RBFN [20].
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shows the structure of the RBFN model.
This network includes input layer (p), hidden layer with
radbas transfer function and output layer (a). Here the net
input to the radbas transfer function is the vector distance
between its weight vector w and the input vector p, multiplied
by the bias b. The kdistk box in this figure accepts the input
vector p and the single row input weight matrix, and produces
the dot product of the two. The transfer function for a radial
basis neuron is [20]:
radbasðnÞ ¼ en2 ð1Þ
Fig. 2 shows the radbas transfer function.
Radial basis networks can be designed with either newrbe
or newrb in MATLAB software [20]. In this study, newrbe
code in MATLAB software was used for prediction. The code
automatically chooses the number of training patterns as the
number of the hidden layer neurons.
3. Cuttings concentration estimation using RBFN
In this study, the experimental data (77 data) of cuttings trans-
port using foam from the literature [8,9] were used for RBFN
modeling (Fig 3).
The input layer of RBFN has 6 neurons including foam
velocity (V), foam quality (C), eccentricity of annulus
(e = E/(Ro  Ri), where E is offset distance between the cen-
ters of the inner tube, Ri, and the outer tube, Ro, of annulus),
subsurface condition (pressure, P, and temperature, T), and
pipe rotation (RPM). The output layer of RBFN has one neu-
ron including cuttings concentration (CC%). Table 1 shows
test matrix of experiments.
For sensitivity analyses of parameters, the correlation
matrix between cuttings concentration (CC) and independent
variables using SPSS software, has been shown in Table 2.
According to this table, C, V, RPM, T, e and P have more
effect on cuttings transport, respectively.
For training and testing the RBFN, the inputs and outputs
of RBFN were normalized between 1 and 1 [27]. 60 data of
77 experimental dataset were selected for training and the 17
data were selected for testing purposes. The average absolute
percent relative error (AAPE) and the correlation coefficient
(R) were used for evaluation of RBFN efficiency [27].
AAPE ¼ 100 1
N
XN
i¼1
ðyi  y^iÞ
yi

 ð1ÞFigure 2 Radbas transfer function [20].
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Figure 3 Schematic drawing of advanced cuttings transport facility [9].
Table 1 Text matrix of cuttings transport using aqueous foam
(Chen, 2005; Duan, 2007).
Testing Parameters Values
Annular size 5.7600 by 3.500
Pipe rotation(rpm) 0, 40, 80, 120
Foam velocity (ft/s) 2, 3, 4, 5, 6
Foam quality (%) 60, 70, 80, 90
Eccentricity (–) 0, 0.78
Temperature (F) 80, 120, 160, 170
Pressure (psi) 100, 200, 250, 400
Cuttings Size(mm) 3
Cuttings Density (kg/m3) 2610
Table 2 Correlation matrix between operational parameters and cu
P T V
P 1
T 0.071 1
V 0.12 0.059 1
RPM 0.121 0.145 0.223
C 0.026 0.183 0.404
e 0.266 0.245 0.298
CC 0.046 0.14 0.57
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where yi is the measured value, y^i denotes the predicted value,
and N stands for the number of samples. The lowest AAPE
value, the more accurate the prediction is.
The RBFN was trained by different spread constant
(SPREAD) for the radial basis layer to achieve the optimum
SPREAD according to AAPE and R between experimental
and predicted value in training and testing data. Fig. 4 shows
the structure of the RBFN in this work.
As can be seen, it is composed of three layers as follows:ttings concentration (CC) [27].
RPM C e CC
1
0.115 1
0.613 0.144 1
0.256 0.679 0.053 1
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4 R. Rooki, M. Rakhshkhorshid(1) Input layer: the neurons of the input layer are effective
parameters (6 inputs (P, T, V, RPM, e, C) in this study.
(2) Hidden layer: In RBFN, the number of the neurons in
the hidden layer can be simply considered equal to the
number of training patterns (60 neurons in this study)
with radbas transfer function in all neurons. Further-
more, in the designing process of RBFN, it is needed
to determine a proper spread value to control the sensi-
tivity of hidden neurons. In this work, AAPE was used
to find the proper value of SPREAD. After some trial
and error the value of SPREAD was set equal to 0.83.Figure 5 (a) Structure of RBFN and its layers; (b) structure of hidden
layer neurons.
Figure 4 The structure of the RBFN used in the present work.
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Fig. 5 shows the detailed RBFN structure in MATLAB
software.layer (Layer 1); (c) structure of output layer; (d) weights of hidden
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Figure 6 Comparison of the measured and the RBFN predicted
value of training data set.
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The RBFN code was designed in MATLAB software. 60 sam-
ples of 77 data samples from the literature were used to train
the RBFN for estimation of cuttings concentration in annulus
from input variables (V, C; P, T, RPM, e). 17 samples were
used for testing RBFN. Comparison of the predicted cuttingsTable 3 The operational parameters, experimental and RBFN cutt
P T V RPM Q
100 80 2 40 0.7
100 80 3 40 0.8
100 80 4 80 0.8
100 80 3 0 0.7
100 80 3 40 0.7
100 120 3 0 0.8
200 80 3 0 0.8
400 80 3 80 0.8
100 80 2 0 0.7
100 80 5 0 0.7
100 80 4 0 0.8
100 120 3 0 0.8
100 160 3 0 0.9
400 80 3 0 0.7
250 80 3 0 0.8
400 80 2 0 0.8
400 170 3 0 0.8
Table 4 The comparison of the results of RBFN and BPNN mode
Method AAPE
Train data Te
BPNN model [27] 2.38% 5.9
RBFN model 2.0e-13% 5.7
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Figure 7 Comparison of the measured and the RBFN predicted
value of testing data set.
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work, Egypt. J. Petrol. (2016), http://dx.doi.org/10.1016/j.ejpe.2016.08.001concentration (%) and the measured data for the training data
set is done in Fig. 6. The correlation coefficient (R) equal 1
with the AAPE value of 2.0e-13%, describing the appropriate
training of RBFN.
To ensure correct training, the network was tested using the
test data. Fig. 7 illustrates the results of RBFN cuttings con-
centration (%) for the testing data versus experimental data.
Comparison of the predicted and the measured data for the
testing data set was done in Fig. 6. A correlation coefficient
(R) of 0.922 together with an AAPE of 5.7% describes a very
satisfactory model performance. These results verify the ability
of RBFN for modeling the relationship between cuttings con-
centration and affected parameters accurately. So this method
can be applied instead of field and experimental measurement
for hydraulic design in drilling operation. The Table 3 shows
the operational parameters, experimental and RBFN cuttings
concentration (cc) in test data.
The results of RBFN are compared with results of BPNN
in literature [27] in Table 4. According to high ability (more
accurately and faster training) of RBFN versus BPNN, it is
recommended to use RBFN in modeling of most mathematical
problems such as this study in oil drilling industry. Also com-
putational fluid dynamics (CFD) simulation [10] for this goal
is time consuming and less accurate than the RBFN model.
5. Conclusion
In this paper the RBFN model with three layers was applied
for estimating cuttings concentration in foam drilling from
effective parameters (foam velocity, foam quality, eccentricityings concentration (cc) in test data.
e Experimental (cc) RBFN (cc)
0.78 31.3 31.16
0.78 25.7 27.02
0.78 25.1 20.62
0.78 33.9 35.48
0.78 33.5 31.52
0.78 29.6 31.10
0.78 27.2 30.36
0.78 22.2 19.38
0 37.5 40.70
0 23.1 23.72
0 27.1 27.84
0 28.9 29.27
0 27.8 29.61
0 30.5 28.83
0 28.8 28.24
0 27.4 28.16
0 33.2 32.50
ls.
R
st data Train data Test data
3% 0.993 0.914
% 1 0.922
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6 R. Rooki, M. Rakhshkhorshidof annulus, pressure, temperature, and pipe rotation). Hidden
layer has 60 neurons with a radbas transfer function. Two cri-
teria (R and AAPE) were used for RBFN evaluation. An
AAPE of 2.0e-13% and a correlation coefficient of 1 (in the
training phase), and an AAPE of 5.93% and a correlation
coefficient of 0.922 (in the testing phase) indicate the high abil-
ity of the RBFN model such as faster training, more accurately
and simple structure. So RBFN can be used in many mathe-
matical problems such as this study instead of BPNN and
CFD modeling.
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